Aiming at the micro-grid energy scheduling, this paper proposes a bio-objective optimization model of the economic and emission dispatch, where two conflicting objectives of the fuel costs and pollution emission are constructed. In order to resolve this model, a multi-objective artificial bee colony (MOABC) algorithm is proposed by using the non-dominated sorting and best-candidate strategies. Especially, an external archive is used to preserve the non-dominated solutions and the best-candidate strategy is to select the best non-dominated solutions to maintain the diversity of Pareto optimal Solutions (PS). An experiment is conducted via comparing IBEA and BC-MOABC on a set of test instances. The results show that the BC-MOABC obtains better results in terms of the convergence on PF. Furthermore, we apply BC-MOABC to resolve the micro-grid energy scheduling optimization problems. Experimental results show that the proposed model and algorithm can reasonably arrange the distributed generations and reduce the system cost and gas emissions.
Introduction
With the rapid development of new energy sources, the micro -grid has become an effective scheme to deal with the disordered and difficult scheduling of the distributed power because of its flexible distributed operations. Accordingly, micro-grid has significant merits of high environmental benefits and low construction cost. In a micro-grid system, the scheduling of distributed generations and energy storages is a significant issue, which plays a key role in the economic, technical and environmental benefits [1] . In particular, in order to meet the demands of large-scale micro-grid system, the energy scheduling schemes should have the ability to accurately access the large-scale distributed power and renewable energy. Generally, the micro-grid energy scheduling problem usually contains large-scale nonlinear, non-deterministic and constrained control variables, essentially being regarded as a complex Multi-Objective Problem (MOP) [2] . As a result, many traditional optimization approaches are ineffective to resolve this problem because they are easy to get trapped into the local optima. Currently, there are many works on multi-objective optimization of micro-grid, which can be classified into two categories [3] .
The first approach is to weight the normalization of each sub-object into a single target directly [4] . A typical method is to form a new objective function: (1) where  is the corresponding weight coefficient according to the importance of objective function F 1 and objective function F 2 .The analytic hierarchy process (AHP) in [5] is used to weight the sub-objects in the problem to obtain a total single target ,and then it is solved by the improved differential algorithm. However, this method has the subjectivity of the weight of the objective function and has a great influence on the result [6] . Meanwhile, the difference algorithm is easy to cause the population in the intelligent optimization algorithm to lose diversity due to the variation method [7] .
The second approach is based on the Pareto optimal theory [8] [9] [10] . The intelligent algorithms are used to find a set of Pareto optimal solutions (PS) to approximate the true Pareto front (PF), and then the optimal solution can be determined by decision-makers according to the actual demand [11] [12] [13] [14] [15] . This method can remedy the first method that cannot provide appropriate tradeoffs between objectives. In [16] an improved particle swarm optimization (PSO) algorithm is developed based on Pareto optimal theory, by combining Monte Carlo simulation to solve multiple objective functions. In order to solve the problem that PSO algorithms may not converge and their parameters are too difficult to be determined, a quantum-behaved PSO algorithm (QPSO) [17] is proposed to optimize the economic and emission dispatch problem. The simulation results validate the superiority of QPSO algorithm, but this model does not consider the pollutant emissions. In addition, a new NSGA-II algorithm [18] is introduced to address the micro-grid energy scheduling problem [19] . The above algorithms still sometimes encounter premature convergence and being easy to fall into the local optima, which causes a slow convergence speed and a poor accuracy.
Artificial bee colony (ABC) [20] algorithm is an effective evolutionary optimization paradigm based on the intelligent foraging behavior of honeybees. In ABC, there are three kinds of honeybees to carry out the global and local search operations, including employed bees, onlooker bees and scout bees. Meanwhile, the ABC has been experimentally validated to have a powerful global search performance in a variety of complex optimization applications. Recently, there are some improvements on AHC to extend it to solve the multi-objective optimization problems [21] [22] [23] [24] . For examples, in [21] , a two-engine multi-objective artificial bee colony is proposed with reinforcement learning. In [23] , a MOABC algorithm based on external archives is proposed for RFID networks planning problem. The above algorithms are mainly based Pareto dominance, which is used to determine the non-dominated solutions. Inspired by the above work, a novel multi-objective artificial bee colony called BC-MOABC is developed using best-candidate, which is inspired by the best-candidate sampling in sampling theory [25] .
The contributions of this paper are summarized as follows: 1) We propose mathematical models of distributed generations, and based on these models, construct an economic and environmental energy scheduling model.
2) In order to solve the above model effectively, a multi-objective bee colony algorithm BC-MOABC based on best-candidate strategy is proposed.
Model Formulation
The optimal scheduling model of the micro-grid system includes input, output, scheduling system and optimization module [26] , which is optimized by data interaction. In the model, there are many kinds of distributed generations (DGs) in micro-grid system which involves wind turbine (WT), photovoltaic array (PV), diesel engine (DE), micro turbine (MT) and fuel cell (FC). These DGs with different features will be presented in detail in following sections.
Micro-Turbine (MT) Model
Micro-turbine is a kind of newly developed small thermal generator. Compared with traditional generators, micro-turbine has some significant merits of low fuel consumption, low noise, and low emission. It uses hydrogen, natural gas, alcohol, and renewable fuels as fuel. In the cogeneration system, micro-turbine is a promising energy-saving and environment-friendly power supply because of the high integrated thermal efficiency [27] .
The mathematical model of MT can be presented as below. Firstly, the heating gains function C heat and cooling gains function C cool of MT is formulated as follows:
where K h and K c are price for heating and cooling, respectively, Q h and Q c are, cooling capacity and heating capacity by the MT, respectively, and the calculation method can be expressed as:
where η re is residual heat efficiency of the MT, K heat and K cool are respectively heating and cooling coefficients, and the exhaust heat of MT can be presented by the following equation:
MT is the output power of the MT during the calculation period ∆t in kw, η MT is the power generation efficiency of the MT, 50%, and η l is the heat loss coefficient. Then, the fuel consumption cost of the MT can be defined as:
FUEL is the price of natural gas, 9.7g/kw, and L FUEL is the net calorific value of natural gas, 2.9 ¥/m 3 .
Finally, the operation and maintenance cost of MT can be shown as:
Fuel Cell (FC) Model
The fuel cell is a chemical device that converts the chemical energy of a fuel into electrical energy directly. Considering the energy consumption of the whole device system, the actual power generation efficiency of the whole power generation system can reach 45%~60% [28] , and the power generation efficiency of the FC (η FC ) is regarded as 50% in this paper. The fuel consumption cost of the FC is presented as:
FC is the output power of the FC during the calculation period ∆t in kw. The operation and maintenance cost of FC can be defined as:
FC-OM is the coefficient of operation and maintenance cost of FC, 0.03 ¥/kw.h.
Diesel Engines (DE) Model
The diesel curve is used to describe the corresponding relationship between the power of diesel generator and the fuel consumption [29] . The fuel consumption cost of the DE is simply shown as: 
Optimization Problem Formulation
According to the wind resources, lighting resources and load demand in the scheduling system, as well as the economic indicators related to equipment investment, operation and maintenance costs, the capacity of various distributed power supplies in the system is optimized and designed. And then, two indicators are proposed, i.e., total cost of operation and pollutant emission level within the scheduling cycle. In this approach, the bi-objective optimization model is established, i.e., total operating costs and pollutant emission levels. Under normal conditions, there is a certain contradiction between the total operating cost and the pollutant emission level. That is, if the system pollution discharge is smaller, the more renewable energy is needed, and the less economical. Specifically, the objective function of the micro-grid scheduling is as follows:
For the micro-grid, the operation cost ƒ 1 of the system can be descried as
are, respectively, the fuel consumption cost of the DGs, the operation and maintenance cost of the DGs, the interaction cost between micro-grid and grid, the depreciation cost of the DGs, the heating gains and cooling gains of micro-grid.
C EX and C DC are described as follows:
where P GRID is the exchange power between micro-grid and grid, when P GRID is greater than 0, it means that the micro-grid purchases power from the grid, and C k is the purchase price of the micro-grid from the grid. Conversely, when P GRID is less than 0, it means that the micro-grid sells power to the grid, and C k is the price of power sold by the micro-grid to the grid. P max is the maximum output power of DGs, C install is the installation cost of DGs, the unit is (¥/kw.h), K CR is the coefficient of capital recovery, K CF is the capacity factor, d is the interest rate, 6%, and L is the life of DGs, the unit is (year ).
Diesel generators employ diesel as the main fuel, and their pollutants include NO x , SO 2 , CO 2 . Meanwhile, wind turbines and photovoltaic cells are clean energy to ensure that their fuel consumption costs and gas emission treatment costs are zero. The emission treatment cost ƒ 2 of other DGs can be expressed as: (17) where i is the number of DGs, α j is the treatment cost of jth class of pollutions, β ij is the emission coefficient of jth class of pollutions from the DG i, and P i is the output power of DG i in kw.
Proposed Optimization Algorithm

Standard ABC Algorithm
The canonical ABC algorithm is proposed by Karaboga in 2005 for parameter optimization, simulating the foraging behavior of a bee colony. Recently, it is introduced to solve unimodal and multi-modal numerical optimization problems [30] [31] [32] [33] . In ABC, there are three kinds of bees including [34, 35] : employed bees, onlooker bees and scout bees. The half of population is regarded as employed bees, and the others are employed as onlooker bees and scout bees. One food source corresponds to one employed bee which is responsible for exploiting the nectar (food) sources and passing a message through dance. When employed bees come back to the hive, they will share information with the onlooker bees about the quality of the food source, which they are exploiting. Then, onlooker bees are responsible for selecting the locations of good food sources to exploit based on the information shared by the employed bees where the higher quality food sources are have a bigger change to be chosen by the onlookers. When the food source is exhausted or cannot be improved in a limited number of cycles, the corresponding employed bee becomes a scout bee. The model of swarm-intelligent forage selection in a honey bee colony can be described as follows [36] [37] [38] :
At the initial phase of the foraging process. Firstly, set relevant parameters of the population, which including population number, number of food sources, control parameters, maximum number of cycles and D-dimensional solution space. Then the food sources [i.e., x id = (X i1 , X i2 ... X id )] are initialized randomly by the following equation: After finding a food source, the bee becomes an employed bee. They record the relevant information (position, nectar) and share with onlooker bee. For each food source, the foraging route for the employed bee is based on a random selection of neighbor to explore a new food source from the old food source in its memory. Specifically, the new food source is calculated as follows:
is the newly produced position by individual i, j is a randomly selected dimension, k is a randomly selected index represents a neighbor bee which is not equal to i.
In the onlooker bees phase, according to the quality of the source to calculate the probability (P i ) which as index to guide individual to further mining. P i is computed as:
Proposed BC-MOABC Algorithm
The artificial bee colony algorithm (ABC) has been validated experimentally to perform powerfully in the single-objective optimization problem, with good global search and local search capabilities [39, 40] . However, unlike the single-objective optimization, in the multi-objective optimization, there are a set of non-dominated solutions to be found, which are essentially tradeoffs between different objectives. Therefore, the multi-objective algorithm needs to maintain an appropriate balance of even spread and good convergence of the obtained non-dominated solutions. In order to address this issue, the non-dominated sorting technique is usually employing based on the crowing distance strategy. In this approach, the obtained solutions are assigned into several layers according to the domination relation, where individuals in the first layer are non-dominated solutions. And then, the density of an individual's neighbors in each layer is evaluated exactly based on the crowed comparison strategy, which is to maintain the spread of the obtained solutions. To be specific, it calculates the sum of obtained Euclidean distance values corresponding to each objective as the final crowding distance value assigned to the given solution. Given a solution, the density of solutions can be calculated as.
where D i is the crowded distance of the individual i, M is the number of objective functions, and ƒ i,j is the jth objective function value of the individual i.
Note that, as the number of objective functions increases, the proportion of non-dominated solutions in the population increases accordingly. This causes a dilemma of being difficult to identify differences between two candidate solutions. In the traditional crowded comparison approach, the important individuals in the dense region will be deleted because they have a smaller crowd distance, which damages the diversity of the Pareto front (PF), as shown in Fig. 1 (2) . From this figure, it is obviously shown that the solutions in the high density space have a low chance to be selected, which results a poor spread of PF. Aiming at this issue, many improved crowding comparison strategies are developed [41, 42] . Especially, in [42] , a crowding-distance with performance indicators is a simple yet effective approach, exhibiting a promising performance.
In the proposed BC-MOABC, the external archive (EA) mechanism based on the best candidate are deliberately designed to conserve the non-dominated sources during the search process, and inspired by the best-candidate sampling algorithm, we replace the crowding comparison operators to select solution equably [43] , comparing with [42] , our proposed method can resolve the above problems effectively. Suppose that we select K best-candidate solutions from N solutions, and the boundary solutions are selected firstly. When a new solution is selected, the best candidate solution in the unselected solutions which is farthest from the selected points is accepted, and the U storages the selected solutions, DIS [X] stores the minimum Euclidean distance that between x and the selected solution, and dis(x 1 ,x 2 ) represents Euclidean distance between x 1 and x 2 . Specifically, the algorithm steps in Algorithm 1: Based on above strategies, this work enriches the classical ABC framework and through elite learning to balance exploration and exploitation, as shown in Algorithm 2.
Algorithm 2 BC-MOABC Algorithm
Step 1: Population Initialization 1) Set relevant parameters, including maximum cycles (C max ), Arch-size, N, D.
2) Initialize EA.
3) Generate N food sources in the search space randomly by (18) . Evaluate the fitness of each bee. Iter = 0
Step 2: The stage of Employ bees 1) Generate new solution V i,j by (19) .
3) Get better solution by greedy selection. Add the better solution into EA.
Step 3: The stage of Onlooker bees 1) Calculated the selection probability P i by (20) . 2) Generate new solution V i,j by (19) .
3) Evaluate f (V i,j ). 4) Get better solution by greedy selection. Add the better solution into EA.
Step 4: The stage of Scout bees 1) Update solution by (18) .
Step 5: If the number of non-dominated solutions in EA is greater than the Arch-size, the overcrowded members are excluded by Algorithm 1. Iter = Iter +1.
Step 6: If the Iter is greater than C max , stop the procedure; otherwise, go to step 2.
Step 7: Output archive.
Experiment Results
Experimental Configurations
The base capacity and reference voltage of micro-grid are, respectively, 100kVA and 400V. The WT and PV operate prioritized. The real-time electricity price of the micro-grid with the grid is based on the Shenyang electricity price.
Result and Analysis
To evaluate the performance of the proposed algorithm BC-MOABC, it has been used to solve the micro-grid energy scheduling problem. The proposed method is compared with the IBEA, the Pareto front of the bi-objective optimization model for economic and environmental operations of the micro-grid systems is shown in Fig. 2 .
Comparing with Fig. 2(1) and Fig. 2(2) , IBEA has a poor convergence, and the proposed algorithm performs significantly better. It can be seen from Fig. 2 (2) that the introduction of external archive in ABC, which stores non-dominated solutions and select elites based on the best-candidate strategy, helps BC-MOABC obtain good convergence and even spread. The simulation results for a compromise solution selected from the obtained Pareto front in Fig. 2 (2) are shown in Fig. 3 . Note that, this solution does not consider the thermal load of the micro-grid. Theoretically, the output of the MT should be prioritized due to its high power generation efficiency and low emissions of polluted gases. Experimentally, we can observe that during the peak period of 13:00-15:00 and 20:00-22:00, because of the large load demand, the output of MT is bigger than that of other distributed generation. Before the off-peak hours of 8 o'clock, the output of MT is relatively stable compared with other DGs.
Based on the above discussion, we can find that MT can be widely used in micro-grid due to its high energy supply quality, high environmental benefits and stable output. Due to the high cost of FC, it can be used as a supplementary energy source in the micro-grid. From Fig.3 , we can see that during the entire scheduling interval, FC keeps working, and during 24:00-03:00 o 'clock, in order to avoid the downtime costs for the other DGs, FC as a supplementary energy in scheduling system. Due to the high pollution cost of DE, in order to meet the load demand, DE as a smooth output unit during the peak period, meanwhile, in order to avoid the cost of shutdown, DE has low power output during other periods. Because PV is clean energy, it should be prioritized. From Fig.3 , at the peak hours of 10:00-14:00 o 'clock, PV is active in the sunlight and other DGs are less active in other peak periods. It can be seen that, PV is prioritized in scheduling system. During the entire scheduling cycle, it is displayed that the micro-grid purchases power from the grid during the peak hours to meet the load demand. It can be seen from the above experimental results that the scheduling system can arrange the output of the DGs reasonably. 
Summary
In this paper, we construct the micro-grid energy scheduling model as a multi-objective optimization problem, which has two objectives of fuel cost and emissions cost. Especially, a micro-grid system consisting of wind turbine (WT), photovoltaic array (PV), diesel engine (DE), micro turbine (MT) and fuel cell (FC) are designed deliberately, and the typical parallel operation control strategy is incorporated into this micro-grid system. Then, in order to solve the proposed model effectively, we develop a novel multi-objective optimizer called BC-MOABC based on the foraging rules of ABC. In this way, a set of tradeoff solutions with good convergence and diversity can be obtained to well meet the scheduling requirements of the micro-grid system. Finally, the proposed model and algorithm have been simulated on a set of test instances. Experimental results show that the proposed micro-grid energy scheduling scheme is effective and the BC-MOABC can arrange the distributed generations efficiently while reduce the system cost and gas emissions. However, the above method does not consider the thermal load of the micro-grid system. This is also the place to be improved in our future work.
